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Abstract
Multi-attribute modeling has rapidly progressed from being a novelty to becoming a widely
used tool of economic research. When both choice and attribute ratings data are available, a
model that makes joint use of both o®ers informative inference opportunities. In the present
study we develop a joint model which utilizes both choice and ratings data, allows for scale
usage heterogeneity, is robust to violations of utility continuity and completeness. The model is
used to obtain WTP estimates for genetically-modi¯ed content and country-of-origin attributes
in an survey-based study of Canola oil labeling. The median survey respondent's WTP for
non-GM Canola oil was found to be CA$0.92/liter. The median WTP for non-speci¯cation of
GM content was found to be approximately 80% of the WTP for the explicitly non-GM-labeled
product. The median WTP to purchase Canada-made Canola oil versus a U.S. product was
estimated to be CA$0.86/liter.
1 Rationale and Objectives
Multi-attribute modeling has rapidly progressed from being a novelty to becoming a widely used
tool of economic research. Choice-based conjoint analysis and other types of discrete choice meth-
ods are used to study regular market goods, for example, to assess the consumer's acceptance of
new products and services, as well as in non-market valuation. Subjects in modern preference
elicitation instruments may also be asked to rate the attributes using some type of a psychometric
scale (Morey, Thacher, and Bre²e 2006). When both choice and ratings data are available, a
model that makes joint use of both o®ers informative inference opportunities. From the Bayesian
perspective, conditioning parameter estimates not only on the choice outcomes but also on the
implied parameter relationships obtained through the ratings allows to generate more informative
posteriors; this may be especially important when highly di®use priors are used and the sample
of subjects is small. Overall, estimation should become more e±cient as the additional ratings
information helps the researcher better understand people's preferences and thus obtain more pre-
cise willingness-to-pay (WTP) estimates. Then, with repeated rating tasks performed by the same
individual, it becomes possible to screen out non-contingent responses.
The joint analysis, in the meantime, comes with a price: there are several di±culties to overcome
when designing a joint model. First, there is an obvious need to combine the random utility
model that is assumed for the choice data with scale ratings in a manner that is consistent with
utility analysis. Second, both the choice model and ratings information can be subject to various
1irregularities due to sometimes peculiar ways people make choices and use rating scales. Of the
former, complexity comes to the foreground.
Complexity is often seen in the framework of an information processing theory advanced by
Newell and Simon (1972), which argues that decision makers will resort to choice strategies that
reduce cognitive strain as the complexity of the choice task increases has been supported by these
experiments. With the choice model, complexity-related issues may result in a non-compensatory
choice process, such as dimensional reduction or lexicographic ordering (Gensch and Ghose 1992;
Swait and Adamowicz 2001; Hensher, Rose, and Greene 2005). The ratings may be a®ected by
stylistic responses. It has been known for a long time that respondents vary in their usage of rating
scales scale (Cronbach 1946; Lentz 1938). Some individuals may tend to use the upper portion of
the scale, others use lower or middle portions. These content-irrelevant factors of responding are
referred to as response styles (Baumgartner and Steenkamp 2001).1 The well-established response
styles are: extreme response style, response range, midpoint responding, and non-contingent re-
sponding. Stylistic responding may in°ate or de°ate subjects' scores on measurement instruments
and/or lead to erroneous conclusions regarding the correlation between the scores (Bagozzi 1994).
It should not be implied that respondents manifesting certain complexity e®ects in their choices
should be considered outliers and, accordingly, be eliminated from further analysis. Several decision-
making/choice models feature hierarchical (non-compensatory) mechanisms. Such are the well-
known Elimination-By-Aspects model due to Tversky (1972), Hierarchical Elimination model (Tver-
sky and Sattath 1979) and Generalized Elimination Model (Hauser 1986). The models, however,
are non-compensatory ones, making the calculation of continuous money-metric utility (and thus
attribute WTP) quite problematic.
In the present study our objective is to develop and implement a joint model which will (i) jointly
utilize both choice and ratings data, (ii) allow for scale usage/respondent heterogeneity, and (iii) be
a hybrid of compensatory and non-compensatory models, allowing for both continuous WTP calcu-
lation and the violation of the continuity and, to some degree, the completeness assumption. The
application in which this model is pursued has the primary purpose of obtaining WTP estimates
for genetically-modi¯ed (GM) content and country-of-origin attributes in an experimental study of
Canola oil labeling.
The model we propose is a hybrid of the multivariate ordered probit model due to Rossi, Gilula,
and Allenby (2001), which controls for response style heterogeneity, and a random parameter model
to ¯t the discrete choice part of the data. The intuition behind this fusion is that, for a linear utility
speci¯cation and with all attributes having discrete levels, an individual's utility can always be re-
scaled in such a way that the absolute values of partworths fall into an interval from zero to any
positive number, and that it is always possible to ¯nd a set of ordered cuto® points within this
interval which ¯t the observed ratings data, provided that the individual's choice and ratings are
mutually coherent.
In what follows we ¯rst introduce the empirical context of out study. Here, our intention is to
give the reader a feel of what kind of problem the model is being developed for. We then intro-
duce the model's foundations and detail its development up to the estimation stage. In the data
analysis and joint model estimation section, we provide ¯ndings from an exploratory analysis of
choice/rating results, estimate attribute WTP values, and discuss such issues as algorithm conver-
gence diagnostics, respondent heterogeneity, and correlations between random parameter values.
In the conclusions to the paper, we suggest a number of ways in which the proposed model can be
extended to ¯t other types of data and provide directions for further research.
2Table 1: Sample Socio-Demographic Characteristics
Variables Sample Data Census Data
2005 Municipal Census
Sample size 180 565,074
Average age (18+) 45 45
Females to males ratio, %/% 51/49 51/49
Percent F to M Percent F to M
Age range of total ratio, %/% of total ratio, %/%
18{24 12 52/48 16 51/49
25{34 17 47/53 20 49/51
35{44 22 44/56 20 50/50
45{54 18 61/39 19 50/50
55+ 31 53/47 25 55/45
2001 Federal Census
Average household income, CA$£103 65 57
Postsecondary education, % 67 49
2 Empirical Context and Data
The labeling of foods derived from agricultural biotechnology|often referred to as genetically mod-
i¯ed (GM) foods|varies from one jurisdiction to another. For instance, the labeling is mandatory
in the European Union and Japan, with the rationale being consumers' right to choose and the
recognition of consumers' preferences for information. In contrast, current Canadian regulations
provide for voluntary GM food labeling. Consequently, supermarkets in Canada typically sell food
products without explicit label statements as to GM content or derivation; as a result, relatively
little is known about Canadians' valuation of GM foods or information on the labels for such prod-
ucts. Similarly, relatively little is known about consumers' valuation of country of origin labels for
food products although, again, some countries require or propose to require this information to
be listed on labels. Agri-food producers, retailers, exporters/importers, policy makers and others
may ¯nd information about consumers' reactions to GM and country of origin information to be
insightful relative to the debate on possible changes in food labeling regulations.
A survey/stated-preference choice experiment of Canadian consumers was recently conducted
to inquire into the nature and the potential e®ect of labeling. The University of Alberta Popula-
tion Research Lab was contracted by a research team from the Department of Rural Economy to
randomly recruit at least 180 adults from Edmonton and its surrounding areas to participate in
the experiment sessions for this study. The sessions were held on the University of Alberta campus
between June 1 and June 28, 2007. The criteria used in recruiting participants were that they must
be 18 years of age or older, and do at least 50% of the grocery shopping for their household. An
e®ort was made to recruit a reasonably representative sample of adults in terms of age and gender.
Table 1 contains summary information on socio-demographic characteristics of the sample.
This study bene¯ts from part of the data collected.2 Experiment participants were provided with
3Figure 1: Sample Choice Task
Figure 2: Sample Attribute Rating Task
a $50 (we will omit the Canadian Dollar pre¯x for the remainder of the paper) cash compensation
for their time, a hypothetically endowed bottle of Canola oil, and the opportunity to acquire a
di®erent type of Canola oil. The participants went through a series of scenarios with a computer-
aided survey instrument in which they were shown the labels of di®erent Canola oils. A sample
choice instance is presented in Figure 1.
In each scenario, participants were asked if they would trade the oil they had been given (that
is, the endowed oil) for an alternative oil. In some cases they were asked to pay for the alternative
oil while in other scenarios they were o®ered a refund, should they chose the alternative oil. In each
scenario our respondents were always given the choice of not choosing an alternative oil (that is,
keeping their endowed oil). The procedure was designed to mimic a grocery store shopping, since
shoppers can always choose to not buy any oil at its o®ered price.
As was indicated to respondents prior to the survey, their choices were hypothetical, that is,
no actual oil exchange would take place. The label information that was provided to participants
indicated \100% Canola Oil," contained nutrition facts and three other items of information: (1)
country of origin, (2) type of oil, and (3) price. These features were systematically varied across
choice tasks. The attributes and their levels of the Canola oil products are shown in Table 2 (also
refer to the visual in Figure 1).
4Table 2: Oil Attributes and Levels
Attribute Levels
Ingredients \Canola oil from GM Canola"
\Canola oil from non-GM Canola"
\Canola oil"
Country of Origin \Product of Canada"
\Product of USA"
Price \Pay ¢50 for this oil"
\Pay $1 for this oil"
\Get refund ¢50 with this oil"
\Get refund $1 with this oil"
Table 3: Respondent-Speci¯c Attributes
for CAN2 and US2 Samples
Variables CAN2 US2
Sample size 45 45
Percent F to My, Percent F to M,
Age range of total %/% of total %/%
18{24 11 40/60 16 71/29
25{34 11 60/40 13 67/33
35{44 18 38/62 24 45/55
45{54 29 77/23 16 29/71
55+ 31 36/64 31 57/43
y Females to males ratio.
To make an a posteriori testing for format e®ects possible, a split-sample design was applied.
About one half of the participants were assigned to a format with only one alternative oil in each
choice set (Alt1 will be used to refer to this format), while the remainder were to chose between the
endowed oil and two alternatives (Alt2). The respondents in the group Alt1 were presented with a
sequence of 20 choice sets. The group presented with two choice alternatives (Alt2) was to assess
10 consecutive choice sets. For all respondents, the endowed oil was derived from GM processes
and explicitly labeled as GM oil. Within each format group, half of the respondents were endowed
with a U.S.-made Canola oil (US2 and US3) and the other half received a Canada-made Canola
oil (CAN2 and CAN3). For the purpose of this paper, a format with only one alternative oil in
each choice set is used (Alt1). Within this format group we distinguish between the respondents
endowed with a U.S.-made Canola oil (US2) and those endowed with a Canada-made Canola oil
(CAN2). Sample characteristics of each of these groups are shown in Table 3.
A number of randomly chosen choice tasks were accompanied by attribute rating tasks. The
latter would appear following each choice set with the probability of 0.25, regardless of the choice
5made. The purpose of those tasks was to collect more information on the tradeo®s people would
make when choosing oils. The attributes|country of origin, GM content, price, and other|were
rated by respondents with the use of an 11-point (0 to 10) rating scale. Subjects were also given
an option to rate the importance of any other factors responsible for their choices, excluding the
country of origin, GM content, and price, as appropriate. The lower end-point of 0 meant that
the respective attribute was of no relevance whatsoever to the choice made. The upper end-point
of 10 meant, on the contrary, that the attribute was the sole reason for the choice (that is, other
attributes were irrelevant). Figure 2 shows an instance of the attribute rating task.
3 Model and Estimation Methodology
A straightforward yet elegant approach to modeling rating data while taking scale usage/respondent
heterogeneity into account was proposed by Rossi, Gilula, and Allenby (2001). This is its brief
summary.
For i = 1;:::;N and j = 1;:::;M, let yij denote the latent response (continuous) of individual i
to question j and xij denote the observed response (discrete) of individual i to question j. Assume
there are K + 1 common and ordered cuto® points fck : ck¡1 · ck;k = 1;:::;Kg, where c0 = ¡1,
ck = +1.3 One assumption of the model is that the observed responses, xij, are independently
and identically distributed multinomial random variables, where the multinomial probabilities are
derived from the underlying continuous multivariate normal distribution. The set of cuto® points
[c0;:::;ck] discretizes the latent variable yij. In mathematical notation, 8 i;j;k,





To allow for di®erences in respondent scale usage without overparametrization, the y vector is
written as a location-scale transform of a common multivariate normal variable:
yi = ¹ + ¿i¶ + ¾1zi; where zi » N(0;§): (2)
A respondent-speci¯c location and scale shift are allowed to generate the mean and variance-
covariance matrix with ¹¤
i = ¹ + ¿i¶ and §¤
i = ¾2
i §. The model in Equation (2) accommodates
scale usage and, overall, respondent heterogeneity via the pair (¿i;¾i). For example, a respondent
who uses the top end of the scale would have a large value of ¿ and a small value of ¾. To allow for
nonlinear spread while keeping the number of parameters to a minimum, the authors impose the
further restriction that the cuto® values lie on a quadratic equation:
ck = a + bk + ek2; k = 1;:::;K ¡ 1: (3)
The model we suggest builds upon on the model of Rossi, Gilula, and Allenby (2001), but our
experiment data di®er dramatically from their survey design in the following four aspects.
First and most importantly, our attribute ratings data are complemented with product choice
data, which which the former should be consistent.
Second, not all of the attribute rating tasks in our data set had all the oil features di®erent.
Each attribute rating task asked to rate three or four attributes on an 11 point scale. The attributes






















































were: GM content, country of origin, price, and \other". The latter factor combines all factors
that are relevant for the choice, other than the ¯rst three factors. Each choice task di®ered from
another one by at least one attribute. This means that, for some choice tasks, the country of origin
was the same, others had the same GM content, etc. Correspondingly, the attribute rating tasks
for such choice sets did not query respondents on the importance of those identical attributes.
In contrast, each survey question used by Rossi, Gilula, and Allenby (2001) is characterized by a
unique attribute, whereas our choice tasks are characterized by three or four attributes and di®er
one from another by at least one attribute.
Third, not each task out of the 20 choice tasks in our experiment was accompanied by an
attribute rating task. As already mentioned, an attribute rating task would appear for the respective
choice task with probability of 0.25. As a result, each attribute rating task was answered by a
di®erent number of respondents. Figure 3 shows the distribution of respondents across attribute
rating tasks. It can be seen from the graph that, for some tasks, the di®erence in the number
of people answered those questions is quite large. For example, question #9 was answered by 0
respondents, whereas task #4 was o®ered to as many as 30 subjects. Therefore, we have a case of
an \unbalanced panel".
Lastly, some choice tasks required subjects to pay additional $0.50 or $1.00 to trade the endowed
Canola oil for an alternative Canola oil. Some tasks o®ered a refund in an amount of $0.50 and $1.00
for this transaction. Economic theory implies that the importance of price di®erence should vary ac-
cording to its sign and magnitude: U(¡$1:00) < U(¡$0:5) < U(+$0:50) < U(+$1:00), where U(¢)
7denotes the utility level as a function of price. The same applies to GM content-based contrasts.
Some choice tasks explicitly stated that the alternative was non-GM, whereas others had no men-
tioning of GM presence or absence in the alternative. Now, it would be proper to assume that the
importance of GM content should follow this inequality: U(GM) < U(unspeci¯ed GM content) <
U(non-GM); also see results of a previous similar study of ours (Volinskiy et al. 2007).
Let us begin with the choice equation, which, as it will become clear later, implies a partially
compensatory rule. Assume that the i-th respondent's choice in task j was determined by the








xij = 1[4Uij > 0] and xij = 0[4Uij < 0];
where 4uattribute
ij denotes the di®erence between the alternative and endowed oils with respect to
the attribute in superscript.4 Assume also that the utility components 4ucontent
ij ;:::;"ij = u came
from a multivariate Normal distribution
uij » N(¹i;§i): (4)
The assumption of a multivariate distribution comes from an observation that utility compo-
nents are interrelated. For example, a respondent can be very concerned about the GM content in
any food he/she consumes and not be concerned about its price. Then we would expect ucontent and
uprice to be negatively correlated. Note that §i is block-diagonal. The last component, judgement
error "ij, is assumed to be independent of the rest, that is:
"ij » N(0;¾2
") cov("ij;u¡"ij) = 0: (5)
Adding scale usage heterogeneity a la Rossi, Gilula, and Allenby (2001) results in shifting and
re-scaling the parameters
¹i;¡"ij = ¹ + ¿i §i;¡"ij = ¾i§ (6)
Both ¿i and ¾i have independent distributions in our setup. Rossi, Gilula, and Allenby (2001)
only allowed respondents to use the upper portion of the scale, or the middle portion of it, or the
lower end. On the contrary, we would like to include more °exibility in the model, allowing for
some respondents to use both extreme points (that is, both upper and low portions of the scale),
while others are allowed to use middle portion of the scale. That being the case, the bivariate
distribution used by Rossi, Gilula, and Allenby (2001) is not going to work because, for example,
high values of ¿i do not necessarily correspond to low values of ¾i. Therefore:
¿i » N(0;100) and ¾2
i » Â2(º¾;s¾): (7)
Rossi, Gilula, and Allenby (2001) use a quadratic function (Equation (3)) to generate cuto®
points. Our approach is somewhat di®erent; it allows to relax the spread generation restrictions
imposed by the above method. We assume that a respondent's utility function can be monotonically
transformed in such a way that all reasonable substitution between oil attributes falls into the
interval from 0 to 10. A component utility value that falls below zero does not enter the aggregate
utility, and a component utility value that exceeds 10 becomes the only component in the utility
function. Either way, no substitution would exist (marginal rate of substitution for such \corner"
cases is either zero or in¯nite).
8Table 4: Oil-Speci¯c Attributes
Mnemonic Description
CAN 1 if oil is made in Canada
unspec 1 if nonGM/GM is not explicitly stated on label
nonGM 1 if nonGM is explicitly stated on label
price premium/refund, $
const 1 if option is alternative; 0 if option is endowment
With 11 categories used in the survey (ranging from 0 to 10), there are 12 cuto® points. We
restrict the ¯rst two to have ¯xed values R1 = ¡1 and R2 = 0, respectively. The last two are
also ¯xed at R11 = 10 and R12 = +1. The intuition behind this construct is: for a linear utility
speci¯cation and with all attributes having discrete levels, an individual's utility can always be
rescaled in such a way that the absolute values of part-worths fall into an interval from zero to any
positive number, and that it is always possible to ¯nd a set of ordered cuto® points within this
interval which ¯t the observed ratings data, provided that the individual's choice and ratings are
mutually coherent.
The prior distribution of the remaining 8 points is that of order statistics of 8 independent
draws from the Uniform distribution on [0;10], that is:
Rc » Uniform[0;10] c = 3;:::;10; R3 < R4 < ::: < R9 < R10: (8)
The conditional distribution of any RcjR¡c is then also uniform, with the support being the
interval between its neighbors: RcjR¡c » R[Rc¡1;Rc+1].5 It follows immediately that the condi-
tional distribution Rcj(R¡c;u) is uniform, truncated by the maximum of utility realizations that
lie below the cuto® point and the minimum of utility realizations that lie above it. Note that draws
of u and R can be \blocked" together the same way as was done by Rossi, Gilula, and Allenby
(2001).
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(we impose the symmetry of the price e®ect);
• 4uconst
ij = +uconst
ij if xij = 1, or 4uconst
ij = ¡uconst
ij if xij = 0.
The short titles and coding of product attributes are provided in Table 4. There were six latent
utility terms behind the four oil attributes. Since data augmentation requires conditional draws of
all of these six terms at each step, we had to make the following assumptions about relationships
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xij = 1[4Uij > 0] and xij = 0[4Uij < 0];
where s is a vector of signs: s[k] = 1 if the term k was present and positive, s[k] = ¡1 if the term
k was present and negative, and s[k] = 0 if the term k was not present. Note that uij always has
seven terms, regardless of the number of contrasts respondent i faced in task j.
Omitting the subscripts to simplify notation, let's write the distribution of u for each respon-
dent/task as a multivariate Normal truncated beyond a certain set T:6
u » NT(¹;§); T = fu : Bu · bg: (9)
The truncation set T is formed by matrix B and column-vector b as T = fu : Bu · bg.
There are 7 utility components; each column of B corresponds to one of those components in
u = [uunspec;unonGM;uCAN;urefund $0.5;urefund $1.0;uconst;"]. As an example, let's obtain B and b
for the choice/ratings in Figures 1 and 2. For this particular choice instance, B and b have 10 rows
(that is, q = 10). The rows correspond to the following constraints:
1. B[1;] = [0;¡1;0;0;0;0;0], b[1] = ¡R3, implying B[1;]u = ¡unonGM · ¡R3 or unonGM ¸ R3;
2. B[2;] = [0;1;0;0;0;0;0], b[2] = R4, which implies that B[2;]u = unonGM · R4;
3. B[3;] = [1;¡1;0;0;0;0;0], b[3] = 0, which implies that B[3;]u = uunspec ¡ unonGM · 0;
4. B[4;] = [0;0;¡1;0;0;0;0], b[4] = ¡R8, which implies that B[4;]u = ¡uCAN · ¡R8 or uCAN ¸ R8;
5. B[5;] = [0;0;1;0;0;0;0], b[5] = R9, which implies that B[5;]u = uCAN · R9;
6. B[6;] = [0;0;0;¡1;0;0;0], b[6] = ¡R3, which implies that B[6;]u = ¡urefund $0.5 · ¡R3 or
urefund $0.5 ¸ R3;
7. B[7;] = [0;0;0;1;0;0;0], b[7] = R4, which implies that B[7;]u = urefund $0.5 · R4;
8. B[8;] = [0;0;0;1;¡1;0;0], b[8] = 0, which implies that B[8;]u = urefund $0.5 ¡ urefund $1.0 · 0 or
urefund $0.5 · urefund $1.0;
9. B[9;] = [0;0;0;0;0;1;0], b[9] = 0, which implies that B[9;]u = uconst · 0;
1010. B[10;] = [0;1;¡1;¡1;0;0;1], b[10] = 0, which implies that B[10;]u = unonGM ¡uCAN ¡urefund $0.5 +
" · 0. This restriction re°ects the choice of the endowed oil.
Note that, since uconst was rated zero (meaning no role whatsoever in the decision made), it does
not appear in the last, choice-related restriction B[10;]u = unonGM ¡ uCAN ¡ urefund $0.5 + " · 0.
To draw from the truncated multivariate Normal distribution in Equation (9), we use the Gibbs
sampler proposed by Rodriguez-Yam, Davis, and Scharf (2004) (RYDS). The sampler operates on
a Normal vector z, which is a linear transformation of u. Let U be the Cholesky factor of §,
U0U = §. Let A = (U¡1)0. Then
z » NS(A¹;I); S = fz : Dz · bg;
where D = DA¡1. Since non-truncated z are independent, any z[k]jZ¡k can be easily drawn
from a standard Normal truncated from below or above. The priors we used are ¹ » N(¹ ¹;100I)
and § » Wishart(9;54). We used an informative prior on ¹ by setting elements of ¹ ¹ to values
estimated in 2005, from similar survey data: ¹ ¹ = [2:4;3:6;2:4;4:0;8:0;0:0;0:0]0. The prior variance
for ¹ is the same as that for all ¿i and also is the same as the ¯xed variance of ". The parameters of
the Wishart prior of the covariance matrix § were used as recommended by the respective bayesm
routine (Rossi and McCulloch 2006).
Conditional draws of population ¹j::: and §¡1j::: are obtained as draws from a multivariate
linear regression (subtracting ¿i from every uij and dividing the result by ¾i yields the standard
multivariate linear regression model).
To draw ¿i and ¾i, we subtract ¹ from every uij and pre-multiply the result by A; A§A0 =
I; see Equation (2). Observations on every respondent then become a case of univariate mini-
regression for a sample size of 6£ the number of tasks that the respondent was asked to rank in
terms of attribute importance. We then draw ¿i and ¾2
i , using conditionally conjugate priors as per
Equation (7): ¿i » N(0;100), and ¾2
i » Â2(º¾;s¾), where the parameters are those recommended
by the respective bayesm routine.
Finally, when uij are drawn, we calculate WTP for all of the oil attributes, provided the
respective utility components fall between zero and 10. WTP is calculated as a compensating






ij = ®ijp¯ij; ®ij = urefund $1.0
ij ; ¯ij = [log(urefund $0.5
ij ) ¡ log(®ij)]=log(0:5):
The monetary equivalent of an attribute is then
WTPattrib
ij = exp[(log(uattrib
ij ) ¡ log(®ij))=¯ij]:
Figure 9 provides an illustration for the example of made-in-Canada attribute WTP calculation.
4 Exploratory Analysis of Data and Joint Model Estimation
4.1 Exploratory Analysis
We open this section with a brief exploratory analysis of the experiment results and then proceed
to the model estimation.











Figure 5 shows the percentage of respondents (as a subset total) who chose to trade the endowed
oil for an alternative oil. For CAN2 subset, a small minority of respondents endowed with the
Canada-made oil chose the alternative oil in task #19 and task #10|4.4% and 6.7%, respectively
(see Figure 5). Alternative oils in both tasks are U.S.-made oil and come at a premium. The price
of the alternative oil in task #19 is higher by $0.50 than the price the endowed oil; the price of the
alternative oil in task # 10 is higher by $1.00 than the one for the endowed oil. Potentially, both
attributes could have contributed to the fact that majority of respondents preferred to keep the
endowed oil. At the same time, the majority of respondents in the same group (86.7%) chose the
alternative oil in task #8. This alternative oil is explicitly non-GM and was o®ered at a discount
of $1.00. Again, both non-GM content and price factors could have contributed to respondents'
decision to trade the endowed oil for the alternative.
For US2 subset, 42.2% of respondents endowed with the U.S.-made oil chose the alternative oil
in both task #3 and task #10. The alternative oil in these tasks is characterized by a $1.00 price
refund. In addition, unspeci¯ed GM content is present in task #3; task #10 o®ers a Canada-made
oil. At the same time, 97.8% of respondents in the same group (US2) chose the alternative oil
in task #12. The alternative oil in this task is characterized by explicit non-GM labeling and
a price refund in an amount of $1.00. Figure 5 also shows that the fraction of respondents who
were endowed with U.S.-made oils and chose to trade the endowment is higher than that for the
Canada-made oil, for all choice tasks. It can be inferred that respondents showed a tendency to
give up the US endowed oil easier than the Canada-made one, yet it can be countered that CAN2
tasks di®ered from US2 tasks.
Plotting scale ratings versus the number of ratings pooled across all rating tasks for each of
the 90 respondents shows the presence of W-shaped scale usage heterogeneity. The most popular
rate values were \0", \9", and \10", that is, the lowest and the highest portion of the rating
scale. The middle portion of the scale was popular as well, which includes rate values \3", \4",
and \5".7 The least popular rate values were \2" and \6". This shows the presence of all four
response styles: extreme response style (ERS), midpoint responding (MPR), response range (RR),
and non-contingent responding (NCR).
12Figure 5: Percentage of Respondents Who Chose to






































Gelman and Rubin (1992) proposed a general approach to monitoring convergence of MCMC output
in which two or more parallel chains are run with starting values that are overdispersed relative
to the posterior distribution. Convergence is diagnosed when the chains have \forgotten" their
initial values, and the output from all chains is indistinguishable. The \potential scale reduction
factor" is calculated for each estimated parameter, together with upper and lower con¯dence limits.
Approximate convergence is diagnosed when the upper limit is close to 1. For multivariate chains,
a multivariate value is calculated that bounds above the potential scale reduction factor for any
linear combination of the (possibly transformed) variables.
Table 5 contains Gelman-Rubin test results; Figure 6 contains the statistic plots for ¹. Since
the upper limits are close to unity for all parameters except the cuto® points and changes in cuto®
point distributions have very little e®ect on attribute WTP distributions, we conclude that, for all
practical reasons, the chains have converged after 7,000 replications. Overall, 10,000 draws have
been made.
Table 6 contains results of the MCMC simulation, calculated on the last 3,000 draws out of
the 10,000 made. In order to assess the accuracy of the estimates based on the sample, we have
computed naive Monte Carlo (MC) standard errors, by dividing the sample standard deviation for
each parameter by square root of the number of draws. Since Markov chains produce dependent
13Table 5: Gelman-Rubin Convergence Test Statistica
Variable Point 97.5% Variable Point 97.5%
Estimate Quantile Estimate Quantile
¹unspec 1.11 1.41 §11 1.02 1.06
¹nonGM 1.12 1.44 §21 1.02 1.07
¹CAN 1.13 1.47 §22 1.02 1.08
¹P05 1.11 1.40 §31 1.01 1.04
¹P10 1.07 1.29 §32 1.01 1.05
¹const 1.10 1.39 §33 1.04 1.15
R3 5.83 12.81 §41 1.00 1.02
R4 5.12 11.66 §42 1.01 1.03
R5 2.94 6.03 §43 1.01 1.02
R6 1.02 1.06 §44 1.01 1.03
R7 1.40 3.00 §51 1.01 1.03
R8 2.18 4.19 §52 1.01 1.04
R9 1.33 2.16 §53 1.00 1.02
R10 1.41 2.37 §54 1.01 1.04
WTP unspec 1.00 1.00 §55 1.01 1.04
WTP nonGM 1.00 1.00 §61 1.02 1.08
WTP CAN 1.00 1.01 §62 1.03 1.13




a These results are calculated on 7,000 thinned replications; thin = 10.
draws, computing precise MC standard errors for such samplers is a very di±cult problem in
general. As a rule of thumb, the simulation should be run until the MC error for each parameter
of interest is less than about 5% of the sample standard deviation. Table 6 shows that attributes'
WTP are the only parameters estimated precisely, that is, to get better posterior distributions more
iterations are needed after the burn-in phase. Based on the 95% credible interval, we can conclude
that most of the parameters are signi¯cant. Finally, the burn-in should perhaps be longer for R
and, potentially, for ¿i and ¾i.
4.2.2 Respondent Heterogeneity Assessment
The hierarchical part of the model was designed to capture the scale usage heterogeneity and
produce respondent-speci¯c location and scale parameters via the distribution of both ¿i and ¾i.
Figure 7 provides histograms of the posterior means of both ¿i and ¾i across all 65 individuals.8
Both ¿i and ¾i display a great deal of variation from respondent to respondent, indicating a high
14degree of heterogeneity; Table 6 provides estimates of both ¿i and ¾i.
Di®erences of posterior means of neighboring cuto® points are presented in Figure 8. The
straight line indicates equally spaced cuto® points (status quo); the di®erence between equally
spaced cuto®s is 1.11. Four points lie below the straight line. This means that the intervals [1;2]
and [2;3], as well as [5;6] on the rating scale are narrower than the status quo intervals; this is
the result of posterior utility levels rarely falling in these four intervals. Figure 8 shows no obvious
pattern in posterior mean di®erences. In contrast, Rossi, Gilula, and Allenby (2001) found that
the posterior of the quadratic cuto® parameter, e, has a mean of 0.0147 with a posterior standard
deviation of 0.00319. Their ¯ndings are equivalent to having compressed intervals on the low end
of the scale and wider intervals in its upper portion. Using a plot device similar to Figure 8,
they would have had an upward pattern of di®erences, which would stretch from south-west to
north-east, crossing the horizontal line somewhere in the middle.
The absence of any pattern in posterior mean di®erences in our analysis tells us that, on
average respondents used the 11-point rating scale pretty uniformly|rating values \2" and \3"
as well as \5" were less popular than the others. \0" and \6" were the most popular rating values
among the respondents. The usage intensity for \8", \9" and \10" was almost equal. Our sample
therefore appears to have captured respondents who use both the extreme portions of the scale and
the middle portion. The estimation results con¯rm the presence of at least two response styles:
extreme response style (ERS) and midpoint responding (MPR). Because of the averaging across
subjects, it is hard to distinguish between respondents who practiced response range (RR) and
those who used the low portion of the scale only, or those who only use the upper one.
4.2.3 Attribute WTP Estimation
Posterior distributions of attribute WTP across respondents are presented in Figure 9. Summary
statistics of these posterior distributions can be found in Table 6.
Table 6 shows that, on average, the median survey respondent in Edmonton, Alberta, would be
ready to pay an additional $0.92 per liter for the explicit labeling of a non-GM Canola oil. This
¯gure is in line with previous research. Volinskiy et al. (2007) found that a premium for non-GM
Canola oil was approximately $0.40{0.60 per liter; see also Chern et al. (2002). We also estimate
an average WTP for GM content not being explicitly stated on the label, that is, where this is left
unspeci¯ed. This WTP value is approximately 78% of the WTP for the explicitly non-GM labeled
product. This ¯gure is also in line with the previous research. The country of origin is slightly
less important than the non-GM attribute for the Canola oil purchasing decisions. On average, the
median respondent would be willing to pay additional $0.87 per liter to purchase Canola oil made
in Canada. This ¯gure is slightly higher than the one previously estimated; there, consumers were
found to be willing to pay a premium of only $0.37-0.53 per liter for a Canadian oil relative to
Canola oil imported from the U.S.
4.2.4 Correlation of Utility Components
Table 7 presents the correlation between the six components of the latent utility. The strongest
correlation is between uunspec and unonGM, which is very intuitive|both are GM content-related
attributes. The strong negative correlation between the GM content attributes and price indicates
that those respondents who focused on the GM content would not care much about the price and
vice versa. The weak positive correlation between the GM content attributes and the country
15Figure 6: Gelman-Rubin Convergence Test Results for ¹



































































































































16Table 6: Joint Model Estimation Results
Variable Mean SD MC 2.5% Median 97.5% Start Sample
error Quantile Quantile
¹unspec 4.184 0.625 0.036 2.973 4.188 5.551 7,001 10,000
¹nonGM 6.771 0.625 0.036 5.567 6.747 8.102 7,001 10,000
¹CAN 5.227 0.622 0.036 4.030 5.233 6.474 7,001 10,000
¹P05 2.933 0.665 0.038 1.525 2.960 4.290 7,001 10,000
¹P10 5.858 0.636 0.037 4.595 5.911 7.057 7,001 10,000
¹const ¡1.673 0.758 0.044 ¡3.014 ¡1.683 ¡0.079 7,001 10,000
§11 6.577 1.879 0.108 3.670 6.340 11.047 7,001 10,000
§21 6.717 1.896 0.109 3.850 6.450 11.283 7,001 10,000
::: ::: ::: ::: ::: ::: ::: ::: :::
§65 ¡0.378 0.741 0.043 ¡2.006 ¡0.345 0.959 7,001 10,000
§66 9.348 2.969 0.171 4.928 8.844 15.753 7,001 10,000
R3 1.423 0.032 0.002 1.364 1.421 1.493 7,001 10,000
R4 2.363 0.032 0.002 2.282 2.365 2.413 7,001 10,000
R5 3.235 0.030 0.002 3.192 3.228 3.303 7,001 10,000
R6 4.413 0.028 0.002 4.357 4.417 4.467 7,001 10,000
R7 5.826 0.022 0.001 5.785 5.827 5.878 7,001 10,000
R8 6.516 0.019 0.001 6.474 6.517 6.558 7,001 10,000
R9 7.650 0.028 0.002 7.595 7.649 7.694 7,001 10,000
R10 8.824 0.013 0.001 8.798 8.823 8.842 7,001 10,000
WTPunspec 0.713 0.061 0.004 0.601 0.712 0.828 7,001 10,000
WTPnonGM 0.918 0.050 0.003 0.810 0.919 1.008 7,001 10,000
WTPCAN 0.869 0.054 0.003 0.761 0.871 0.965 7,001 10,000
WTPconst 0.657 0.067 0.004 0.528 0.656 0.781 7,001 10,000
¿1 3.555 0.994 0.057 1.352 3.613 5.383 7,001 10,000
¿2 ¡3.875 3.266 0.189 ¡11.112 ¡3.503 1.699 7,001 10,000
::: ::: ::: ::: ::: ::: ::: ::: :::
¿64 2.321 1.079 0.062 0.193 2.297 4.202 7,001 10,000
¿65 ¡4.644 3.564 0.206 ¡13.225 ¡4.168 0.617 7,001 10,000
¾1 1.771 0.544 0.031 0.962 1.688 3.019 7,001 10,000
¾2 8.279 3.144 0.182 4.239 7.688 16.551 7,001 10,000
::: ::: ::: ::: ::: ::: ::: ::: :::
¾64 1.881 0.472 0.027 1.145 1.808 2.964 7,001 10,000
¾65 7.475 3.574 0.206 3.506 6.482 16.247 7,001 10,000


































Figure 8: Di®erences of Posterior Means





























































































19Table 7: Posterior Variance/Covariance/Correlation
of Utility Componentsa
unspec nonGM origin P05 P10 const
unspec 6.577 0.971 0.362 ¡0.622 ¡0.599 ¡0.356
(1.879)
nonGM 6.717 7.274 0.361 ¡0.637 ¡0.603 ¡0.398
(1.896) (1.971)
CAN 2.137 2.236 5.289 ¡0.417 ¡0.408 ¡0.379
(0.846) (0.891) (1.529)
P05 ¡4.506 ¡4.854 ¡2.711 7.979 0.971 0.029
(1.305) (1.345) (0.916) (2.236)
P10 ¡4.124 ¡4.372 ¡2.519 7.370 7.215 ¡0.046
(1.251) (1.285) (0.884) (2.116) (2.068)
const ¡2.795 ¡3.282 ¡2.662 0.247 ¡0.378 9.348
(0.961) (1.097) (0.984) (0.767) (0.741) (2.969)
a Correlations|upper triangle|are in italic.
of origin may be an indicator that those subjects who were concerned about the GM content
might have also been considering the country of origin attribute. At the same time, there is a
high chance that those to whom the country of origin was the priority were not concerned about
the price (notice the negative correlation between the country of origin attribute and the price).
There is some negative correlation between the GM content and other factors, as well as between
the country of origin and other factors, which may be telling us that there may be some factors
other than GM content, country of origin and price that are quite signi¯cant for one's Canola oil
purchasing decisions. It is unlikely that these other factors are price-related, though.
5 Conclusions
Our objective for the study was to develop and implement a joint choice/attribute rating model
which would allow for scale usage heterogeneity and (partially) non-compensatory choice mecha-
nisms. The model was intended to provide WTP estimates for genetically-modi¯ed GM content
and country-of-origin attributes in an experimental study of Canola oil labeling.
The model was estimated on product choice and importance ratings data from 65 individuals,
using the Bayesian hierarchical approach based on the Gibbs sampler by Rossi, Gilula, and Allenby.
Our sampler implementation featured an unrestricted spread pattern for the cuto® points and the
estimation of scale usage heterogeneity parameters|individual-speci¯c location and scale|as
¯xed rather than random e®ects. Attribute WTP estimates were calculated as the compensating
variation measure by ¯tting a power function through two points of the estimated utility of money
and solving for the monetary equivalents of all the attributes.
Edmontonians were found to be willing to pay (WTP) a premium for a non-GM Canola oil of
$0.92/liter. The average WTP for Canola oil for which the GM status was not speci¯ed was found
20to be approximately 78% of the WTP for the non-GM product. The data also suggest that the
consumers are willing to pay a premium of $0.87/liter for Canadian-origin Canola oil relative to
Canola oil imported from the U.S. These ¯ndings are generally in agreement with other research
on consumers willingness to purchase GM foods.
A high degree of scale usage heterogeneity was captured by the model. Therefore, it indeed
should be controlled for. In addition, posterior distributions of cuto® points show inadequacy of
the quadratic function for modeling cuto® points as suggested by Rossi, Gilula, and Allenby (2001).
The sample contains respondents who use extreme points of the rating scale as well as the middle
portion of it and, on average, respondents covered the 11-point rating scale rather uniformly.
There are numerous ways in which our model can be extended or adapted to a speci¯c experi-
ment format. Perhaps the most obvious extension would be to incorporate polychotomous choice.
This could be done relatively easily, by adding one or several conditioning clauses to the matrix
of linear non-equality restrictions on the attribute coe±cient values. On the other hand, ¯tting a
non-linear choice equation would require a radical re-design of the model. There are also several
much needed improvements that are worth mentioning. First, our model was designed for situ-
ations where the attributes are mainly qualitative. Dealing with continuous attributes, like size,
is currently quite problematic, if possible at all. Second, the model needs a better way to de¯ne
relationships between attribute partworths. Some cases are easy to deal with|for example, the
non-speci¯cation of GM content would obviously have a smaller marginal utility than the explicit
labeling of the product as non-GM|but other attributes may be interconnected in less obvious
ways, so that imposing a structure on them may become a precarious step.
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22Notes
1According to Baumgartner and Steenkamp (2001) \[a] response style refers to a tendency to respond to ques-
tionnaire items independently of item content, whereas a response set indicates people's desire to give a particular
picture of themselves by the way they respond to questionnaire items (which implies that the responses given depend
on the item content)".
2A number of studies have individually assessed consumers' WTP for food product quality attributes, including
GM and country of origin labeling. Elicitation procedures that are commonly found in this literature are based on
experimental auctions, using incentive compatible mechanisms such as Vickrey's n-th price, or random n-th price
draws, as well as choice experiments. We opted for a choice experiment rather than an auction mainly because of
several shortcomings associated with experimental auctions. Auction subjects are put in an unfamiliar, constructed
market context where their behavior may deviate signi¯cantly from what would otherwise be their everyday norm.
Then, auction bidders compete for a product whose consumption would hardly be contested in an actual market.
The literature notes a possibility that such auctions may induce gambling behavior on the part of the subject, where
the desire to place the winning bid overshadows the subject's WTP for the item in a more regular market situation.
3N is the number of subjects, M is the number of questions, and K is the total number of cuto® points including
¡1 and +1. As their modeling strategy, Rossi et al. (2001) chose to keep the cuto® points common across
respondents and shift the distribution of the latent variable. Another strategy would be to keep a common latent
variable distribution for all respondents and shift the cuto® points to induce di®erent patterns of scale usage.
4\Content" denotes GM content attribute, \origin" denotes the country of origin for Canola oil, \price" denotes
the in°uence of price attribute, and \const" captures all other factors that are relevant for the choice.




c+1], ¯rst note that the density of the joint distribution of all order statistics is




0. Then, the joint density of all order statistics but one, f(R
¡c), does
not depend on the value of the remaining statistic R
c, either, because of being the marginal distribution. Last, apply
the conditional probability formula|neither numerator nor denominator depend on the value of R
c.
6Since there are 7 utility components in u, B is an [q,7] matrix of q constraints and b is an [q,1] vector of constraint
values.
7About 78 respondents used either lower or upper portion of the scale in their answers, whereas 50 subjects used
the middle portion of the scale.
8Eight subjects out of the total of 90 respondents were o®ered a paper-based survey rather than the computer-
aided one. The paper version of the survey did not include the ratings. In addition, records for 17 subjects were
discarded due to the high probability of non-contingent response. As a result, the number of respondents used in this
analysis is 65.
23